Abstract-In this paper we apply an approach based on the apparatus of the Index Matrices and the Intuitionistic Fuzzy Sets -namely InterCriteria Analysis. The main idea is to use the InterCriteria Analysis to establish the existing relations and dependencies of defined parameters in non-linear model of an E. coli fed-batch cultivation process. Moreover, based on results of series of identification procedures we observe the mutual relations between model parameters and considered optimization techniques outcomes, such as execution time and objective function value. Based on InterCriteria Analysis we examine the obtained identification results and discuss the conclusions about existing relations and dependencies between defined, in terms of InterCriteria Analysis, criteria.
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I. INTRODUCTION
T HE InterCriteria Analysis (ICA) is developed with the aim to gain additional insight into the nature of the criteria involved and discover on this basis existing relations between the criteria themselves [8] . It is based on the apparatus of the Index Matrices (IM) [10] , [11] , and the Intuitionistic Fuzzy Sets [12] and can be applied for decision making in different areas of science and practice. The approach has been discussed in a several papers [10] , [14] , [15] , [16] . In [8] a possibility of the ICA method for criterion value prediction, proposing two algorithms, is presented. In [16] a discussion on the threshold values in the ICA was further elaborated. But, up to now, considering ICA application, the only applications reported are in one area: namely, EU member states competitiveness analysis [14] , [15] . Encouraging results of these first applications of the ICA provoke us to use the method for establishing and identifying the relations between parameters of the mathematical model of an E. coli fedbatch cultivation process. The model parameters are further considered as criteria in terms of ICA.
In the case of modelling of cultivation processes ICA approach could be very useful. Cultivation processes are characterized with complex, non-linear dynamic and their modelling is a hard combinatorial optimization problem. On the one hand, the parameter identification is of key importance for modelling process and additional knowledge about the model parameters relations will be extremely useful to improve the model accuracy. On the other hand, the information may be used to improve the performance of the used optimization algorithms if, for instance, some algorithm outcomes are added to the considered criteria. Thus, the relations between model parameters and optimization algorithm performance will be established.
In this paper we applied the ICA to establish the basic relations between the parameters in the model of an E. coli fedbatch cultivation process. The existing relations are identified based on results of a series of parameters identification procedures. The use of meta-heuristic techniques such as Genetic Algorithms (GAs) has received more and more attention [3] . These methods offer good solutions, even global optima, within reasonable computing time [17] , so we choose to use genetic algorithms for estimation of the model parameters.
The paper is organized as follows. The background of InterCriteria Analysis is given in Section 2. The problem formulation is described in Section 3. The numerical results and a discussion are presented in Section 4. Conclusion remarks are done in Section 5.
II. INTERCRITERIA ANALYSIS
Here we expand on the idea proposed in [8] . Following [8] and [12] we will obtain an Intuitionistic Fuzzy Pair (IFP) as the degrees of "agreement" and "disagreement" between two criteria applied on different objects. We remind briefly that an IFP is an ordered pair of real non-negative numbers a, b such that:
For clarity, let us be given an IM (see [10] ) whose index sets consist of the names of the criteria (for rows) and objects (for columns). The elements of this IM are further supposed to be real numbers (in the general case, this is not required). We will obtain an IM with index sets consisting of the names of the criteria (for rows and for columns) with elements IFPs corresponding to the "agreement" and "disagreement" of the respective criteria. Two things are further supposed (which are not always guaranteed in practice and, when not fulfilled, present an interesting direction for new research in themselves): 1) All criteria provide an evaluation for all objects (i.e.
there are no inapplicable criteria for a given object) and all these evaluations are available (no missing evaluations). 2) All the evaluations of a given criteria can be compared amongst themselves.
Further by O we denote the set of all objects O 1 , O 2 , . . . , O n being evaluated, and by C(O) the set of values assigned by a given criteria C to the objects, i.e.
Let:
In order to compare two criteria we must construct the vector of all internal comparisons of each criteria, which fulfill exactly one of three relations R, R andR. In other words, we require that for a fixed criterion C and any ordered pair x, y ∈ C * (O) it is true:
From the above it is seen that we need only consider a subset of C(O) × C(O) for the effective calculation of the vector of internal comparisons (denoted further by V (C)) since from (1), (2) and (3) it follows that if we know what is the relation between x and y we also know what is the relation between y and x. Thus we will only consider lexicographically ordered pairs x, y . Let, for brevity:
Then for a fixed criterion C we construct the vector:
It can be easily seen that it has exactly n(n−1) 2 elements. Further, to simplify our considerations, we replace the vector
for the k-th component it is true:
Then when comparing two criteria we determine the "degree of agreement" between the two as the number of matching components (divided by the length of the vector for normalization purposes). This can be done in several ways, e.g. by counting the matches or by taking the complement of the Hamming distance. The "degree of disagreement" is the number of components of opposing signs in the two vectors (again normalized by the length). This also may be done in various ways. A pseudocode of the algorithm used in this study for calculating the degrees of agreement and disagreement between two criteria C and C ′ is presented below.
Algorithm 1 Calculating "agreement" and "disagreement" between two criteria Require:
µ C,C ′ ← 0 4:
end if 8: end for 9:
return µ C,C ′ 11: end function
ν C,C ′ ← 0 15:
if abs(V i ) = 2 then ⊲ abs: absolute value 17:
end if
19:
end for 20:
It is obvious (from the way of calculation) that for µ C,C ′ , ν C,C ′ , we have:
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III. PROBLEM FORMULATION
Let us use the following non-linear differential equation system to describe the E. coli fed-batch cultivation process [1] , [4] :
where
and X is the biomass concentration, 
where denotes the ℓ 2 -vector norm. For the model parameters identification we use experimental data for biomass and glucose concentration of an E. coli MC4110 fed-batch fermentation process. The detailed description of the process condition and experimental data are presented in [2] .
To estimate the model parameters we applied consistently 14 differently tuned GA. We use various population sizesfrom 5 to 200 chromosomes in the population. The number of generations is fixed to 200. The main GA operators and parameters are summarized in Table I . Because of the stochastic nature of the applied algorithms we perform series of 30 runs for each population size. Thus, we obtain the average, best and worst estimate of the parameters, as well as of the algorithm execution time and value of objective function. The detailed description of identification procedure is given in [7] .
To perform ICA three IMs are constructed -the IM A 1 (Eq. 9) with the obtained average results, the IM A 2 (Eq. 10) with the best obtained results and IM A 3 (Eq. 11) with the worst obtained results. In addition to the presented in [7] results here the average, worst and best estimates for the tree model parameters in all 14 cases are given too. Thus, five criteria are considered -C 1 is parameter µ max , C 2 is parameter k S , C 3 is parameter Y S/X , C 4 is objective function value J and C 5 is resulting execution time T . Based on the presented Algorithm 1 the ICA is implemented in the Matlab 7.5 environment. We obtain IMs that determine the degrees of "agreement" (µ C,C ′ ) and "disagreement" (ν C,C ′ ) between criteria for the three cases.
1) Case of average results:
Resulting degrees of "agreement" (µ C,C ′ ) are as follows: Resulting degrees of "disagreement" (ν C,C ′ ) are as follows: 
2) Case of worst results:
Resulting degrees of "agreement" (µ C,C ′ ) are as follows: 
3) Case of best results:
Resulting degrees of "agreement" (µ C,C ′ ) are as follows: Resulting degrees of "disagreement" (ν C,C ′ ) are as follows: Let us consider the following scheme for defining the consonance and dissonance between each pair of criteria (see Table III ). In the case of the average values of the examined criteria, in accordance with the scale presented in Table III , we found the following pair dependencies:
• There is no observed strong positive consonance or strong negative consonance between any of the ten criteria pairs. 
average estimates worst esimates best estimates obtain values in these intervals.
• For the pair C 4 ↔ C 5 (i.e., T ↔J) a negative consonance is identified. Such dependence is logical -for a large number of algorithm iterations (i.e., greater execution time T ) it is more likely to find a more accurate solution, i.e. smaller value of J.
• The pairs C 2 ↔ C 5 (i.e., k S ↔T ) show identical results -these criteria are in weak dissonance. The third model parameter Y S/X and T are in dissonance. The conclusion is that the total execution time is not dependent solely on one of the model parameters. Logically the triple of these parameters should be in consonance with T .
• For the pairs C 1 ↔ C 3 (i.e., µ max ↔ Y S/X ) and
Considering the physical meaning of the model parameters [1] it is clear that there is no dependence between these criteria. A strong correlation is expected between criteria C 1 ↔ C 2 (i.e., µ max ↔ k S ) [1] . The results confirmed these expectation -these criteria are in a positive consonance.
• The observed low value of µ C3,C4 , i.e., strong dissonance between Y S/X ↔J show the low sensitivity of this model parameter. According to [18] the parameter Y S/X has lower sensitivity compared to parameter µ max .
• Due to the established strong correlation between criteria C 1 ↔ C 2 (i.e., µ max ↔k S ) we observe that C 1 ↔ C 4 (i.e., µ max ↔J) and C 2 ↔ C 4 (i.e., k S ↔J) are in, respectively weak dissonance and weak positive consonance. Similarly to the relations with T the conclusion is that the accuracy of the criterion is not dependent solely on one of the model parameters. Logically the triple of these parameters should be in consonance (or strong consonance) with the criterion value. Moreover, taking into account the parameters sensitivity it is clear that the more sensitive parameter will be more linked to the value of J. Due to stochastic nature of considered here GA we observed some different criteria dependences in the rest two cases -case of worst and case of best results:
• In the case of the worst results we found weaker relation between
For the pairs C 1 ↔ C 4 , C 2 ↔ C 4 and C 3 ↔ C 5 we observed higher value of µ C,C ′ . Compared to the case of average results there are no large, strongly manifested discrepancies. In case of discrepancy, the considered criteria pair appears in an adjacent scale according to Table III . For example, pair C 1 ↔ C 2 in case of average results are in positive consonance, while in case of worst results -in weak positive consonance.
• In the case of the best results we identify the same results -in case of discrepancy the considered criteria pair appears in an adjacent scale. However, in this case we observed some larger discrepancies. Taking into account the nature of the GA we consider that the results in case of average criteria values have the highest significance.
V. CONCLUSION
In this paper based on the apparatus of the Index Matrices and the Intuitionistic Fuzzy Sets, InterCriteria Analysis of a model parameters identification using Genetic Algorithm is performed. A non-linear model of an E. coli fed-batch cultivation process is considered. Series of model identification procedures using Genetic Algorithms are done. The InterCriteria Analysis is applied to explore the existing relations and dependencies of defined model parameters and Genetic Algorithms outcomes -execution time and objective function value. Three case studies are examined -considering average, worst and best results for the obtained model parameters, execution time and objective function value. Applying the InterCriteria Analysis we establish relations and dependencies between the defined criteria. Based on the used scale for defining the consonance and dissonance between each pair of criteria, we discuss which criteria are in consonance and dissonance, as well as the degree of their dependence.
